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Abstract 
The concept of usability of man-machine interfaces is usually judged in terms 
of a number of aspects or attributes that are known to be subject to some rough 
correlations, and that are in many cases given different importances, depending on 
the context of use of the application. In consequence, the automation of judgment 
processes regarding the overall usability of concrete interfaces requires the design of 
aggregation operators that are capable of modeling approximate or ill-defined interac-
tions among criteria. We review possible approaches to design a suitable aggregation 
operation and describe a method for such kind of design process that explicitly mod-
els expert-elicited relationships among criteria, enforcing some properties of Choquet 
capacities. The method subsequently uses experimental data to fine-tune operator 
design. We translate the fine-tuning process into either linear or quadratic program-
ming problem, and solve such problems using specially adapted methods. 
Keywords: aggregation operators, usability, Choquet integral, inquiry methods. 
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1 Introduction 
The usability of a man-made artifact is a concept which is related to finding the artifact 
more or less easy to use. However usability is a difficult concept to precisely define 
and measure, as many aspects of the artifact contribute to how it is used and perceived 
by humans. In the context of the evaluation of man-machine interfaces, usability is 
often broken down into measurable elements which include effectiveness, efficiency, and 
satisfaction, as defined by ISO [17]. But this characterization of the concept is by no means 
considered as definitive, and consequently, a considerable amount of distinct "usability 
attribute lists" have been described and used. The issues of what are the relationships 
among usability aspects [8] , and how should a number of usability aspects be aggregated 
to come up with an overall (or global) measure of usability still remain open. 
Many usability evaluation processes include an aggregation stage in which partial 
scores regarding different attributes or measures need to be summarized into a single 
overall score. This is specially the case in automated usability analysis tools [18]' that 
attempt to provide estimators of usability from measures collected by software modules 
informed with correlations discovered among usability attributes that are not precisely 
understood yet [8]. In addition, transparent and self-explanatory aggregation means 
would be required to come up with usability metrics tailored to benchmarking industrial 
systems of specific kinds. Examples of that kind of processes are the aggregation of the 
results of different factors in the WAMMI questionnaire [21] and other usability models [4]. 
In a recent paper [32], the authors approached the design of aggregation operators 
for usability aspects, in the common case in which a small number of attributes must 
be summarized in a unique figure of usability, considering both the given usage context 
and existing general knowledge about the attributes considered. More concretely, they 
described how expert-elicited fuzzy measures can be used to model interactions between 
diverse usability criteria, in an attempt to come up with more realistic summarization 
processes. The results described here are based on a previous experiment design reported 
in [29], and the definition of an expert-based method for the design of Choquet capacities 
provided in [30]. 
In this paper we build on the approach from [32] and present new optimization tech-
niques to be used for identification of fuzzy measures, and Choquet integral based aggrega-
tion operators, from experimental data collected in [29, 30]. The problem of identification 
of aggregation operators is not restricted to usability studies. It is used in a wide context 
of fuzzy modelling [2, 5], and the tools presented in this paper will have broad applicability. 
The rest of this paper is structured as follows. Section 2 describes how fuzzy measures 
can be used to model interacting usability aspects or criteria. Then, in Section 3 we 
review an inquiry-based method for the design of such measures. A concrete case study 
illustrating the method is provided in Section 4. Section 5 describes the optimization 
methods used for identification of fuzzy measures, and is followed by conclusions. 
2 Fuzzy measures as models for interacting usability 
criteria 
The Choquet integral has been described as an aggregation operator enabling the explicit 
modelling of fuzzy interactions among criteria [25, 14]. This can be accomplished by 
a careful selection of the mappings included in the fuzzy measure used as the Choquet 
capacity. A fuzzy measure on a set X is a monotonic (i.e. v(S) ::; v(T) whenever 
S ~ T) set function v : 2X ----+ [0,1]' v(0) = 0, v(X) = 1. Several types of interactions 
between usability attributes [34] can be modelled with fuzzy measures. Among them 
are known relationships in the form of correlations and designer-established interactions. 
The latter include substitutiveness and complementarity between criteria and preferential 
dependencies, as described by Marichal in [25]. Here we will deal only with correlation 
and substitutiveness, since they are the two types of interactions identified in the case 
study described below. 
Let us detail some restrictions on the fuzzy measure that result from known interac-
tions between the criteria. One important requirement for two correlated criteria i and j 
is sub additivity, as shown in (1) 
v(TU {i,j}) < v(TU {i}) +v(TU {j}) - v(T), VT ~ X - {i,j}. (1) 
In addition, two substitutive criteria are required to satisfy the relationship expressed 
in (2), so that the addition of a substitutive criterion has a small effect on the fuzzy 
measure (having no effect if the criteria are completely interchangeable). 
{~~~~~~ }~V(TU{i,j}); VT~X-{i,j}. (2) 
The discrete Choquet integral can be used as a generalization of the weighted arith-
metic mean that accounts for interacting criteria [14, 25]. The expression for the integral 
given in (3) is a specific case of the general discrete aggregation operator on the real 
domain, Cv : Rn ----+ R, which takes as the input a vector x = (Xl, X2, .. . , xn) and yields 
a single real value. 
n 
Cv(X) = LX(i)[V({jlxj ~ x(i)}) - v({jIXj ~ x(i+1)})]' (3) 
i=1 
In expression (3) (X(I), X(2)' ... ,X(n)) is a non-decreasing permutation of the input n-
tuple x, where x(n+l) = 0 by convention. The integral is expressed in terms of the fuzzy 
measure (or Choquet capacity) v. 
It should be noted that the number of usability attributes that must be measured in 
an evaluation is always small. Even in the case of a large list of attributes, like the one 
established in [6], the authors themselves suggest an informal aggregation of attributes. 
For example, Dix proposes 14 usability attributes, but they are aggregated into just 
three ones: predictability, synthesability, familiarity, generalizability and consistency are 
aggregated in learnability attribute; dialog initiative, multi-threading, task migrability, 
substitutivity, customizability are aggregated in flexibility attribute and observability, re-
cover ability, responsiveness, task conformance are aggregated in robustness. If the number 
of attributes were greater and there were no interactions between attributes in the sets of 
cardinality k+ 1, the definition of k-additive measures [13] would be required, in order to 
decrease the complexity of the fuzzy measure. 
3 Review of an inquiry-based method for the design of ag-
gregation operators 
Expert judgments are given a prominent status in current usability evaluation practices, 
as evidenced by the wide use of inspection methods (e.g. heuristic evaluation or cognitive 
walk-through) for the purpose of usability evaluation [26]. This suggests that designing 
usability attribute aggregation operators should follow some sort of inquiry process in 
which both the specific requirements of the problem at hand and expert knowledge on 
usability are combined to come up with realistic summarizations. In this section, let us 
outline an inquiry-based method to design fuzzy measures for the purpose of aggregation, 
as described in [32]. 
The first phase of the method bears some resemblance with Delphi inquiry techniques, 
since it shares the same set of general features that are used to characterize Delphi pro-
cesses, -according to Dalkey in [24]- namely: involving a group, having an information 
goal, being uncertain to some extent, and approaching the inquiry in a structured manner. 
The process departs from a body of existing empirical evidence (obtained ad hoc 
or gathered from the literature in the concrete field of study), plus a number of pre-
conceptions about the aggregation context and the required criteria, possibly including 
business rules or other kind of concrete restrictions. Then, two sequential (and iterative 
if required) phases of a very different nature take place, the second one dependant on the 
first: 
• Inquiry Phase. This phase proceeds as a streamlined Delphi process, involving a 
sequence of two or more structured rounds in which a group of experts (group A) is 
asked to provide a fuzzy measure for the given case. In the first round, this is done 
individually, but subsequent rounds may involve feedback from other individuals in 
the group regarding justifications, claims or arguments regarding concrete aspects 
of the measure . 
• Adjustment Phase. Once the inquiry has resulted in a fuzzy measure, a data 
collection phase proceeds with a (possibly) different set of experts (group B), as 
a mean to validate the design. Obtaining such data may follow a blind approach 
in which only the departure assumptions are provided, in an attempt to discover 
possible biases of expert group A. This results in a collection of data involving 
expert assessments of concrete aggregation cases, that can be used later as the 
empirical base to adjust the design of the inquiry phase, while preserving the criteria 
interactions that have been established earlier. 
The process ends with a fuzzy aggregation operator design including a concrete Cho-
quet capacity, but also with a set of conceptual decisions that were obtained as a result 
of the inquiry, which provide an explanation for the relationships among the concrete 
mappings in the fuzzy measure. 
4 Case study description 
To illustrate the modelling approach, the following fuzzy measure can be used to describe 
a concrete evaluation case, in which four well-known usability attributes are used as the 
criteria: 
• efficiency (e), or how efficiently can a user perform their job using the system? 
• memorability (m), or can a user, who has used the system before, remembers how 
to use it effectively next time, or does the user have to learn everything from the 
beginning? 
• satisfaction (s), or how much does the user like using the system? 
• and learn ability (l), or how fast can a novice user learn how to use the user interface 
to accomplish basic tasks? 
Two interactions between the criteria are considered in the concrete study in [32]. 
First, a positive correlation is assumed between efficiency and satisfaction (cited in [8], 
although the validity of this interaction depends on the application context). This inter-
action, according to [25], expresses the fact that the marginal contribution of satisfaction 
to every combination of criteria that contains efficiency is strictly less than the marginal 
contribution of satisfaction to the same combination without efficiency. Second, mem-
orability and learnability are considered as substitutive by the experts (in the specific 
example context), so that the presence of memorability or learnability produces almost 
the same effect as the presence of both. 
Table 1 shows one of the possible fuzzy measures modelling these interactions between 
criteria. In this example we have considered two basic assumptions: 
1. The number of usability attributes that must be measured in an evaluation is always 
small, as was mentioned previously. 
2. In usability evaluation, the scale to measure the attributes is usually small. Often 
numeric Likert scales that range from 1 to 5 or 7 are used. 
Five usability experts took part in the assessment. The process began with an infor-
mative session in which the usability evaluation context (but not the concrete Choquet 
integral-based aggregation approach) was described, including the following explanations: 
The specific type of interface they have to evaluate. In this study, we have selected 
a typical e-mall application that facilitates acquisition of various kinds of goods. 
n=1 n=2 n=3 n=4 
{e} -> 0.4 {e, s} -> 0.5 {e,m,s} -> 0.95 {e,m,s,l} -> 1 
{m} -> 0.15 {e,m} -> 0.8 {e,s,l} -> 0.95 
{s} -> 0.3 {e,l} -> 0.8 {e,l,m} -> 0.85 
{I} -> 0.15 {m,s} -> 0.45 {m,l,s} -> 0.5 
{s, I} -> 0.45 
{I,m} -> 0.2 
Table 1: Case Study fuzzy measure v(X) 
ii The usability attributes that must be taken into account and their relevance (weights) 
are justified, according to the nature of the interface. Selected attributes are those 
described above: efficiency, memorability, satisfaction and learnability, with the 
weights shown in the first column of Table 1. 
iii The interactions between the attributes and their meaning, including how these 
interactions have been identified. 
Once the experts know these details the second sub-phase of the evaluation takes 
place. Twenty randomly selected input values are given to each of the experts. To avoid 
the selection of non-realistic evaluations, input values with three or more attributes scored 
with zero are discarded. Then, a sample is obtained by randomly selecting twenty values 
from the input set X = {e, m, s, l}. 
Then the experts are encouraged to elaborate on an aggregated value for each ele-
ment of the sample, taking into account the weights of the usability attributes and the 
interactions between them. As a result, a data set DB consisting on pairs (xk, o(xk)), k = 
1, ... , K is obtained, where o(xk) denotes the k-th output value given by the expert. In 
case when more than one expert evaluates the same input, the average of the given output 
values is used. Since the experts judged the outcome intuitively, without using any formal 
mean or procedure, divergences in the values of o(x) and Cv(x) for any given input x can 
be interpreted as potential imperfections of the designed fuzzy measure. 
The goal of the adjustment stage is to identify a fuzzy measure v, such that the 
divergence between the values of o(x) and Cv(x) is the smallest, while strictly respecting 
the interactions embodied in the design of the fuzzy measure. 
5 Optimization approach to the identification of fuzzy mea-
sures 
Let I denote the unit interval I = [0,1]' and let the vectors xk E In, k = 1, ... , K 
denote the observed inputs (scaled experts' evaluations with respect to individual criteria), 
and let the vector 0 E IK denote the output values given by the experts, Ok = o(xk). 
Also let vector C E IK denote the computed value of the discrete Choquet integral 
Ck = Cv(xk), k = 1, ... , K based on the fuzzy measure v. Our goal is to identify a fuzzy 
measure v which minimises the differences between the predicted and observed values 
IIC-oll· 
In [32] the authors minimized h -norm 
K 
mJn L ICv(xk) - o(xk)l, (4) 
k=1 
which is commonly used in robust regression, under the assumption that the observed val-
ues o(xk) contain random errors from a double exponential distribution. If the observation 
errors are assumed to be normally distributed, then l2-norm is used 
(5) 
h -norm is less sensitive to outliers in the data. 
Let us now write the discrete Choquet integral as 
n 
Cv(Xl, . .. ,xn ) = L [XCi) - X(i-l)] V(A(i»), (6) 
i=l 
(as in [12], [14],p. 110), where A(i) = {X(i) , ... , X(n)} and X(O) = ° by convention. In this 
notation, C v is a linear function of the values of the fuzzy measure V(A(i»). Now consider 
the restrictions on the values of v. We have 
v(0) = 0, veX) = 1, 
VA, B s:;; X : v(A) ::; v(B), if AS:;; B. 
If we represent the values of v(A) as components of a vector V E R2n , then the above 
inequalities can be written as a system of linear inequalities involving the components of 
V. Further, the subadditivity condition (1) also results in a system of linear inequalities. 
To represent substitutivity condition (2) (in which we have an approximate inequality), 
let us distinguish between strongly and mildly substitutive criteria, i.e., let us introduce 
the degree of substitutivity of the criteria i and j, Vij E I, with Vij = 1 representing fully 
substitutive (identical) criteria. Then we express condition (2), also taking into account 
(1), as 
VT s:;; X \ {i,j}: veT U {i,j}) ::; veT U {i}) + (1- vij)v(T U {j}), 
v(TU {i,j})::; v(Tu {j}) + (1- vij)v(TU {i}). (7) 
When Vij = 1, we obtain the equalities v(TU {i,j}) = v(TU {i}) = v(TU {j}). 
This way the substitutivity condition (2) also translates into a system of linear in-
equalities (7). There are also other possible restrictions on the fuzzy measure v, like 
k-additivity, given values of Shapley index (or its generalizations, like interaction indices 
[12]), which we will not consider in detail, but point out, that they too translate into 
linear inequalities involving components of V. 
In the earlier work [32]' the authors have used a greedy iterative algorithm to minimize 
(4) subject to the above mentioned inequality constraints (they used penalty function 
approach in dealing with constraints). Using alternative representation (6), problem (4) 
converts into a linear programming problem, whereas problem (5) converts into a convex 
quadratic programming problem [10] (this problem is also known as linear least squares 
problem with equality and inequality constraints LSEI [16, 15, 23]). 
Grabisch approached problem (5) using general quadratic programming methods. We 
would like to point out that special methods exist for both constrained least squares 
problem LSEI (like in [15]), and linear programming problem resulting from (4) [33]. For 
instance, in [15, 16] the authors formulate LSEI problem as a system of approximate and 
exact equations/inequalities with respect to vector x, 
Ax ~ b, Ex = e, Gx 2: d, 
where the approximate equations are solved in the least squares sense. Methods from [1] 
use similar formulations. 
The repository of algorithms netlib [7] (www .netlib. org) contains several algorithms 
that implement methods of solution of (4),(5). Algorithm 587 [15] provides solution to 
LSEI problem (5) , and Algorithm 552 [1] implements a special version of the simplex 
method for problem (4). 
We have added the algorithms 587 and 552 to the AOTool software 
(www.deakin.edu.aur gleb/aotool.html). AOTool implements several methods of 
approximation and identification of aggregation operators from empirical data [2, 3]' in-
cluding triangular norms, uninorms, OWA, general aggregation operators and Choquet 
integral based operators. The new method described in this paper will be useful for 
researchers who want to explicitly model interactions between different groups of criteria. 
n=l n=2 n=3 n=4 
{e} -> 0.4 {e, s} -> 0.575 {e, m, s} -> 0.85 {e,m,s,l} -> 1 
{m}->O.lE {e,m} -> 0.556 {e, s, I} -> 0.695 
{s} -> 0.3 {e, I} -> 0.695 {e,l,m} -> 0.695 
{I} -> 0.15 {m,s} -> 0.45 {m,l,s} -> 0.475 
{s, I} -> 0.475 
{I,m} -> 0.175 
Table 2: Adjusted Case Study fuzzy measure VeX) 
Method E(t/v) P(.15)(t/v) Max.err(t/v) 
Expert inquiry .203/.184 50/57.5 .95/.65 
Adjusted expert inquiry .12/.17 71.2/52.5 .65/.55 
Neural Network .094/.227 81.6/40 .458/.717 
LSM regression .149/.187 52.6/42.5 .522/.521 
f-Regression .158/.202 79/50 .679/.74 
Rule-based aggregation .279/.35 23.7/22.5 .9/.9 
Table 3: Total average error (E), prediction power (P) and maximum error for each of 
the tested methods (on training/validation data set). 
Table 2 provides the final fuzzy measure obtained after execution of the algorithm 
552, using the data collected as described in section 4. The execution time was below one 
second on a Pentium IV 1.2 GHz workstation. 
To compare our techniques with other approaches, we provide some measures of fitness 
of the constructed aggregation operator to the observations in Table 3. We divided the 
observations into two sets: training data and validation data. Training data set consisted 
of 38 observations, and validation data set consisted of 40 observations. Expert inquiry 
refers to the Choquet integral-based operator which uses the initial fuzzy measure in Table 
1, and Adjusted expert inquiry refers to the adjusted operator based of fuzzy measure in 
Table 2. 
The other methods tested are detailed in [32], from which we reproduced the remaining 
values. Neural Network refers to EasyNN-plus1 (backpropagation network with a single 
hidden layer with 5 nodes. Learning rate 0.6 and momentum 0.8). Least-Square Regres-
lhttp://www.easynn.com 
sion Method (LSM) and f-Regression [20] are from the Furea tool2 [19]. For Rule-based 
aggregation we used Fuzzy Java Toolkit (FJT)3 (Mamdami rule executor and weighted 
mean deffuzificator, aggregating the output of the chain of rules with fuzzy set union). 
The third column of Table 3 provides a measure of the predictive value of each method, 
measured as the percentage of predictions whose error with respect to expert estimations 
falls below a 15%. It is interesting to note that the Expert inquiry method yields smaller 
average and maximum prediction errors, and better prediction power on the validation 
data set than on the training data set. We remind that this method uses fuzzy measure 
as specified by the experts, not by any training algorithm. We think that this is due 
to the fact that experts may implicitly use some other information besides the data set, 
which makes this method better approximate the "unseen" data. The other algorithms 
adjust the fuzzy measure to approximate better the training data set, at the expense of 
approximation of other data. 
6 Conclusions 
Inspired by the importance given to expert opinion in current usability evaluation prac-
tices, an inquiry-based method for the design of usability aggregation operators has been 
described. The method proceeds by eliciting a fuzzy measure to model different inter-
actions between the required usability attributes used as criteria. Then, the Choquet 
integral is used for the aggregation of partial scores into global score that represents a 
summarized usability estimation. The resulting measure is afterwards fine-tuned using a 
set of experimental data. 
This paper builds on the earlier work [32], and presents an alternative method of 
fine-tuning the aggregation operator, which relies on linear and quadratic programming 
formulation of the problem. The properties of the fuzzy measure, which include sub-
additivity and substitutivity of certain subsets of criteria, have been translated into a 
system of linear constraints defining the feasible domain. The new approach is significantly 
faster than its predecessor. 
The inquiry-based method provides better or similar results than alternative tech-
niques, with the additional benefit of obtaining an artifact - the fuzzy measure - that 
explicitly embodies criteria interactions, and the inquiry process provides the supplemen-
tary benefit of obtaining a justified rationale for aggregation design that gives it a higher 
degree of credibility. The inquiry method can also be applied to other domains in which 
similar interactions among criteria are regularly used to obtain overall scores, for example, 
to aggregate competence levels in human resource selection processes [31]. 
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